ABSTRACT Hybrid electric vehicle (HEV) technology is an effective way to resolve the problems of energy consumption and air pollution. Energy management strategies are critical to the performance of HEVs. In this paper, a novel energy management strategy of equivalent consumption minimization strategy (ECMS)-type is proposed for parallel HEVs based on energy prediction (ECMS-EP). The energy prediction is estimated based on the predicted velocity that is calculated by a chaining-neural-network method over different temporal horizons. A novel adaptive rule has been developed by eliminating the need to reset the initial equivalent factor (EF) based on the energy prediction to adjust the EF of ECMS-EP in real time. The control objective is to improve the fuel economy and sustain the state of charge (SoC). Then, via MATLAB/Simulink, simulations are conducted in three different prediction horizon lengths to verify the performance of the proposed ECMS-EP with adaptive rules. The simulation results show that the proposed ECMS-EP is able to achieve more stable SoC trajectories and better fuel economy with a fuel consumption reduction of 2.7%-7% compared with the traditional adaptive-ECMS.
I. INTRODUCTION A. LITERATURE REVIEW
Hybrid electric vehicles (HEVs) are equipped with two or more different energy sources for propulsion purposes, which are typically a combination of an internal combustion engine (ICE) and an electric motor (EM). Compared to conventional ICE-based vehicles, HEVs are able to obtain better fuel economy while reducing harmful emissions, such as CO, HC, NOx, and particulate matter [1] , [2] . The rationales behind this are that (1) the energy storage system of HEVs recovers energy during the braking phase, and (2) the energy management system provides appropriate power split ratio between the ICE and EM. Energy management is generally aimed at maximizing the overall powertrain efficiency and minimizing fuel consumption [3] , and the related algorithm implemented for this purpose is called the energy management strategy (EMS).
Numerous EMSs have been widely proposed in the technical literature for HEVs. According to the form of algorithm implementations, the methods used by other researchers fall into two categories: logical rule-based EMS and optimization-based EMS [1] , [4] . Logical rule-based EMSs, which include deterministic strategies [5] or fuzzy logic [6] , [7] , exploit a series of rules to determine the operating state of the vehicle's powertrain. They are relatively easy to implement and are thus popular in industry. However, these methods are developed based on typical driving cycles, and it is difficult to achieve near-optimal control effects under actual driving conditions. Optimizationbased EMSs are designed to optimize the control of the hybrid powertrain system to achieve the best performance of HEVs [4] . Dynamic programming (DP), a global optimization EMS, yields the maximum fuel economy. However, it cannot be used for the real-time control of HEVs because of its requirements for full knowledge of the entire driving cycle in advance [8] - [10] . Nonetheless, DP is often used for off-line simulations and as a benchmark for evaluating the quality of other EMSs.
Real-time optimization-based EMSs have also been extensively studied. Model predictive control (MPC) [11] - [14] , equivalent consumption minimization strategy (ECMS) [8] , [15] - [22] , and intelligent control based on machine learning [4] , [23] - [26] are the three most widely researched EMSs based on real-time optimization. Among them, ECMS is particularly considered a practical approach for real-time control because its approximate optimality has been verified by numerical simulation or analogy with Pontryagin's Minimum Principles (PMP) when the equivalence factor (EF) is appropriately tuned [8] , [16] . ECMS converts the optimization problem into adjustments of the EF that characterize the equivalent relationship between fuel consumption and electricity consumption. Many methods have been proposed for the evaluation of the EF [17] - [22] . The easiest way is to set the EF to a constant value, assuming that the overall efficiencies of the electrical and thermal paths are rigorously constant [17] . Since efficiencies vary with the operating point, the EF obtained by this approach cannot be adapted to different driving conditions. In [18] , the EF is estimated by DP and backward ECMS for plug-in HEVs by considering future driving conditions. Li et al. [19] exploited a novel correctional DP algorithm to balance the optimization of fuel economy and drivability. Zeng and Wang [20] proposed a two-level stochastic method based on stochastic dynamic programming to optimize the real-time ECMS for fixedroute HEVs. An algorithm based on PMP was developed to evaluate the optimal EF [21] . Although ECMS and PMP are able to guarantee global optimality due to their theoretical basis, they are not suitable for online control because they require many iterations to find the dynamic EF [22] . Musardo et al. [23] employed an adaptive-ECMS to adjust the EF by updating the control parameters under different road loads to implement charge-sustaining and minimize fuel consumption. Lin et al. [24] proposed a genetic algorithm to evaluate the EF for a given driving cycle, but this EF was not applicable to other driving cycles. Kessels et al. [25] proposed adjusting the EF in real-time from the current state of charge (SoC) deviation by means of a PI controller. Zhang et al. [26] developed an adaptation law to adjust EF by using a fuzzy PI controller.
As mentioned above, ECMS is an effective way to resolve the relevant optimal control problem, and its core issue is the evaluation of the parameter EF. However, there are two general problems: 1) a priori knowledge of future driving conditions is required to calculate the EF, and 2) adjustment of EF is less adaptable to unknown driving missions. To address such aspects, a new control law, which evaluates the EF at the interval based on a combination of predicted velocity and SoC feedback, is devised, and this approach enhances the fuel economy and imposes SoC charge-sustainability in an effective manner.
B. MAIN CONTRIBUTIONS
In this paper, a novel strategy of the ECMS-type based on energy prediction, called ECMS-EP, is presented for realtime energy management. It utilizes a new method based on velocity prediction for evaluating the equivalence factor between fuel cost and electrical cost. This method requires the quantities of fuel and electrical energy use, which are related to the system constraints, to calculate a probability factor, which is utilized to adjust the EF within a limited range. Furthermore, the method does not require an initial EF to be set in advance. The ECMS-EP is valid for different system architectures and types of HEVs. Here, it has been applied to a typical uniaxial parallel hybrid powertrain system. For such a system, the proposed energy management strategy is verified by the simulation of three different driving cycles in an urban environment built in VISSIM. We conduct a comparative study of ECMS-EP and two other adaptive ECMSs in terms of SoC charge-sustaining and fuel economy, and the effectiveness of the proposed ECMS-EP is verified.
C. OUTLINE
The remainder of this paper is arranged as follows. In Section II, a parallel HEV configuration and system models are presented. Section III formulates the energy management control problem. Section IV details the proposed ECMS-EP used in real-time energy management for parallel HEV. Simulation over different prediction horizons for different driving cycles are presented, and the comparison results are illustrated in Section V, followed by the conclusions in Section VI. 
II. PHEV CONFIGURATION AND MODEING

A. PHEV CONFIGURATION
In this paper, a single-shaft parallel hybrid powertrain system is studied, which is one of the most common configurations in hybrid electric bus applications as shown in Fig. 1 . The main parameters of this parallel HEV are given in Table 1 [28] . The engine is coaxially connected to the electric motor via an automatic clutch. The motor rotor is connected to the input shaft of the automated mechanical transmission (AMT). The vehicle switches between different working modes by controlling the clutch. 
B. VEHICLE MODELING
Based on MATLAB/Simulink, a parallel HEV forward simulation model, shown in Fig. 2 , is established using a combination of experimental modeling and theoretical modeling, which is used in a high-precision simulation environment for the verification and adjustment of energy management strategies.
1) ENGINE MODEL
Since the engine is a highly complex system, the research of its dynamic characteristics is not the focus of this paper. Therefore, a steady-state model of the engine based on experimental data is established here. The engine fuel consumption contour map is shown in Fig. 3 . The engine fuel consumption rate is usually expressed as a function of engine speed and torque, which is described by (1) , and the engine torque is calculated by (2) .ṁ
whereṁ f is the engine fuel consumption rate, n ic is the engine rotational speed, T ic is the engine torque, α is the engine throttle opening, and T icmax (n ic (t) is the maximum torque of the engine at the current speed.
2) LECTRICAL MOTOR MODEL
The power consumption of an electric motor (EM) has an important impact on energy management. The EM model is also a steady-state model based on the EM efficiency map, which is shown in Fig. 4 . The EM efficiency can be VOLUME 6, 2018 simply expressed as a function of the motor speed and torque, which is described in (3), ignoring the effects of dynamic characteristics. The relationship between the motor demand torque and actual torque is formulated by (4). The terminal battery power is described by (5) .
where η em is the transfer efficiency of the EM, n em is the rotation speed of the EM, T em is the output torque of the EM, T em_req is the desired torque for the EM, T em_max_dis (n em ) is the maximum output torque of the EM at the current speed when the EM operates as a traction motor, T em_max_char (n em ) is the maximum output torque of the EM at the current speed when the EM operates as a generator, and P b is the terminal battery power.
3) BATTERY MODEL
The power battery is a complex nonlinear system. It is difficult to establish an accurate battery model due to the influence of temperature, internal resistance, voltage, SoC, etc. The internal resistance model (Rint model) is considered to be a basic model based on experimental data and is used here ignoring the influence of temperature change and battery aging. The equivalent circuit of the battery is shown in Fig. 5 . In this circuit, the battery is equivalent to a series connection of the ideal voltage source and the internal resistor. According to Kirchhoff's voltage law, the relationship between the battery voltage and current is expressed as (6) .
where V oc is the open circuit voltage, which is closely related to the SoC, R in is the internal resistance, which is also a tabulated function of the SoC, I b is the battery current, and V L is the terminal voltage. The SoC is a key variable for energy management and can be calculated by (7) [26] .
where Q max is the maximum charging capability.
4) TRANSMISSION MODEL
The transmission system transmits the mechanical power provided by the power sources to the drive wheels of the vehicle and typically includes components such as a transmission, a final drive, drive shafts, and the like. Here, we model the transmission system as a unit to obtain the speed relationship between the input terminal and output terminal as well as the corresponding torque relationship. The formula is described by (8) and (9).
T wh (t) = T in (t)η trans i trans (9) where ω in is the angular velocity of the input terminal of the transmission system, T in is the torque of the input terminal of the transmission system, ω wh is the angular velocity of the output terminal of the transmission system, T wh is the torque of the output terminal of the transmission system, i trans is the gear ratio of the transmission system, and η trans is the transmission system efficiency.
5) VEHICLE LONGITUDINAL DYNAMIC MODEL
For research on energy management, we are concerned with the power and fuel economy of the vehicle, and therefore, only the longitudinal dynamics of the vehicle are considered. It is assumed that the vehicle runs on a horizontal road, and the equation that describes the longitudinal dynamics has the following form:
where
, F wh is the driving force, F air is the aerodynamic friction, F roll is the rolling friction, F inertia is the acceleration resistance, C D is the aerodynamic drag coefficient, A is the frontal area, u a is the vehicle velocity, f is the rolling friction coefficient, m is the vehicle mass, and δ is the correction coefficient of the rotating mass. The torque 70316 VOLUME 6, 2018 and rotational speed desired at the wheels are calculated by (11) and (12) .
where r is the radius of the wheel. 
6) DRIVER MODEL
To perform a closed-loop forward simulation of the vehicle driveline, a driver model is used to simulate acceleration and deceleration. A PI driver model is used as illustrated in (13) and (14). Fig. 6 demonstrates the structure of the PI driver model.
where u PI ∈ [−1, 1], with u PI < 0 representing brake operation and u PI > 0 representing acceleration operation, K p and K i are the proportional and integral coefficients of the PI driver model respectively, v dem is the desired velocity, and v act is the real velocity.
III. PROBLEM STATEMENT
During vehicle operation, the power distribution between the ICE and the EM triggers new control tasks, which are often referred to as energy management issues. Energy management has a large impact on the performance of parallel HEV systems, with the goal of providing reasonable power distribution to the ICE and the EM given an overall driver's power requirements. Therefore, energy management problems are often considered to be an optimal control problem, that is, optimal power distribution is achieved while ensuring all constraints to minimize fuel consumption. Note that the power distribution is equivalent to the torque split due to the parallel HEV system configuration. According to [3] , the performance index J is formulated as (15) , which is usually referred to as the fuel mass m f consumed over a mission of duration t f . To represent the constraints on the final SoC, a penalty function φ(q(t f )) is added to the cost function J to obtain a charge-sustaining performance index of the form:
whereṁ f (t, u(t)) is the fuel consumption rate, q(t f ) is the final SoC of the battery, u(t) is the control input, for instance, the torque-split ratio, and t 0 and t f are the start and end times, respectively. The optimal solution can be calculated from (16) .
where T opt ic and T opt em are the optimal engine torque and the optimal motor torque, respectively.
Considering the operating characteristics of a parallel HEV, the following physical constraints must be enforced: (17) where n ic (t) is the engine speed, T ic_ max (n ic (t)) is the upper engine torque limit at the speed n ic (t), n em (t) is the motor speed, T em_ min (n em (t)) and T em_ max (n em (t)) are the lower and upper limits of motor torque at the speed n em (t), respectively, n ic_ min and n ic_ max are the lower and upper limits of the engine speed, respectively, n em_ max is the motor maximum speed, q(t) is the battery SoC, and q min and q max are the lower and upper limits of the SoC, respectively.
The main objective of the optimal control algorithm is to calculate the appropriate power split for optimal fuel economy and to ensure SoC charge-sustainability for a parallel HEV during a driving mission.
IV. REAL-TIME ENERGY MANAGEMENT
In this section, a promising control of the ECMS-type for realtime control is presented based upon the predicted energy of future driving conditions.
A. EQUIVALENT CONSUMPTION MINIMIZATION STRATEGY (ECMS)
As a local optimization algorithm, ECMS is analytically derived from PMP, which aims to minimize the instantaneous equivalent fuel consumption to optimize the control of a parallel HEV in real time. According to PMP, one of the necessary conditions for the cost function (15) of energy management problems to reach a minimum value is that the optimal control decision u * (t) satisfies the minimization of the defined Hamiltonian function. The Hamiltonian function can be interpreted physically as the sum of the actual fuel consumption in the ICE and a term that has the same units and is related to the use of battery power, and it is formulated as
whereq(t) is the SoC deviation rate, and λ(t) is the costate, which is calculated by the Euler-Lagrange equation as follows:λ
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To maintain the balance of the SoC for the parallel HEV and extend battery life, the SoC typically varies over a small range. Such a small SoC deviation causes the internal battery parameters, such as internal resistance and open-circuit voltage, to remain substantially unvaried. Therefore, (19) becomesλ
This means that the costate λ(t) maintains an approximately constant value along the optimal trajectory of the SoC. Therefore, the optimization problem is reduced to searching for the optimal costate λ * for a driving cycle under the constraints of SoC with a penalty function φ(q(t f )). The SoC is calculated by
That is,q
Substituting (23) in to (18) , the Hamiltonian function can be expressed as the sum of the engine power and the battery power, that is,
H (t, s(t), u(t)) = P f (t, u(t)) + s(t)P e (t, u(t))
where P f (t, u(t)) =ṁ f (t, u(t)) · H LHV is the engine power, where H LHV is the lower heating value of the fuel, P e (t, u(t)) is the electric battery power, and the equivalence factor s is derived here from λ, which is, (25) Therefore, ECMS shifts the optimization problem to searching for the optimal trajectory of the EF s(t). Usually the EF is affected by the driving cycle and the SoC boundary conditions.
In this paper, the SoC boundary condition is described using a piecewise linear constraint to reflect the effect of the final SoC on the charge-sustaining performance. The piecewise-linear penalty function is expressed as [3] 
where µ dis and µ char are the penalty coefficients. According to (19) , the optimal costate λ * is then obtained by
We can see that the value of the optimal costate λ * depends on the sign of the final SoC deviation. However, this sign is difficult to predict in real-time conditions. Correspondingly, we assume two limits value of the EF, s char and s dis . Throughout the entire driving cycle, the EF s(t) is then varied with time between these two limit values by a probability factor p(t), which is expressed as in (28) [27] . (28) After the value of the equivalence factor s(t) is obtained, the ECMS is used to determine the optimal torque-split as in (29).
s(t) = (1 − p(t)) · s char + p(t) · s dis
T * ic_opt , T * em_opt = arg min {J (t, u(t), s(t))}(29)
B. EQUIVALENT FACTOR DYNAMIC ADJUSTMENT ALGORITHM
In this paper, real-time energy management, which is shown in Fig. 7 , is proposed based on traffic modeling and the predicted velocity along with ECMS. The real-time vehicle speed data are obtained from the traffic model built in VISSIM software, and the future mission velocity profile over different prediction horizons can then be calculated by the chaining-neural-network (CNN) method. The emphasis in this article is EF adjustment based on the predicted energy. The prediction of the speed is not taken into consideration, which has been well analyzed in [28] . The sketch of the prediction horizon is shown in Fig. 8 .
Some cumulative quantities are needed to calculate for the EF adjustment for each prediction interval i, namely, the fuel energy consumption, E f _i (t), the electrical energy, E e_i (t), the mechanical energy transmitted on the wheels, E m_i (t), and the required energy to drive the vehicle, E dem_i (t i ). They are formulated as,
where H LHV is the lower heating value of the fuel.
As (28) indicates, the key problem is how to determine the limit values of the EF, s char_i and s dis_i , and the probability factor p i (t) for each prediction interval i. These values are described in detail in later sections.
1) PARAMETERS ESTIMATION
The parameters s char_i and s dis_i are the equivalence factors of each predicted interval i that correspond to the positive and negative electrical energy use at the end of the driving cycle, respectively. The driving cycle consists of a series of predicted driving cycle blocks over a certain horizon. These parameters can be calculated from the predicted energy. The values of the electrical energy E e_i (t i ) and the fuel energy consumption E f _i (t i ) over a predicted driving cycle block are calculated with the same control strategy. In this control strategy, the control variable u is discretized within the range [u 0 , u n ], which is given by the upper and lower bounds of the permissible SoC, and each u k is used to calculate the corresponding E k e_i and E k f _i . According to the calculation results, we can fit a relationship as,
In the case of the engine drive only u k0 = 0, the fuel energy consumption is E k0 f _i , and the electrical energy is E k0 e_i . This case separates the curve (34) into two branches of approximately straight lines. The slopes of these two lines are the equivalence factors s dis_i and s char_i .
2) PROBABILITY OF END-OF-MISSION ENERGY USE
The basic principle analysis shows that the probability p i (t) is calculated as,
where E + e_i (t) and E − e_i (t) are the positive and negative limits of the electric energy that can be generated at the end of the predicted driving cycle block, respectively.
The quantities E + e_i (t) and E − e_i (t) are calculated from three parts: (i) the current value of the electrical energy, E e_i (t), (ii) the electrical energy that would be used to the utmost extent for driving the vehicle or recharging the battery from t until the end of the predicted driving cycle block, t i , and (iii) the recovered energy that will be stored from t until the end of the predicted driving cycle block, t i . Based on [27] , VOLUME 6, 2018 the expressions for each prediction interval i are
The resulting equation for p(t) is derived as (38).
with p i (t) limited between 0 and 1. γ i is a constant ratio between the recovered electrical energy and the mechanical energy that drives the wheels, that is
. The updated estimate of p i (t) is used to adjust the EF s i (t) in (28) according to the rule (38).
V. SIMULATION RESULTS AND DISCUSSION
To verify the performance of the energy management strategy, simulation studies involving three different driving cycles in VISSIM software were conducted. The simulation results are presented in Fig. 9 . The predicted velocities over different prediction horizons for three different driving cycles are obtained, using the CNN method [28] for energy calculation, which is used for the EF adjustment. To certify the effectiveness of ECMS-EP, two other strategies, ECMS with adjusting the EF based on the predicted velocity (ECMS-pre, in (39)) and the adaptation law using (42) for ECMS that does not consider the effect of the predicted velocity on the EF (ECMS-no-pre), were performed as well.
where s(k + 1) indicates the next iteration result of the EF, s(k) is the current iteration result, SoC(t 0 ) − SoC(t) is the deviation between the reference SoC and the current value, T is the updating period of the EF value, v std_F,i is the standard deviation of the velocity in the predicted interval i, v j is the predicted velocity at instant j,v is the average speed at the predicted interval i, K soc is the constant coefficient, its value is selected as 2, and N is the number of velocity samples at the predicted interval i.
A. FUEL CONSUMPTION
To evaluate the optimization performance of ECMS-EP, the fuel consumption for parallel HEV is calculated for 10 s, 15 s, and 20 s prediction in the three different driving cycle studies. Note that in order to obtain a fair comparison of the fuel consumption for different control strategies, we use an SoC compensated fuel consumption. The reference value of the SoC is set to 0.6 for all prediction horizons. It should be noted that the ECMS-pre and ECMS-no-pre methods need to set the initial value of the EF. The initial value of the EF has a significant effect on the control effect, but it is difficult to accurately estimate the initial value of the EF in the actual process. In addition, the SoC final value cannot exactly converge to the reference value; thus, we used the SoC compensated fuel consumption to obtain a fair comparison for the different control strategies [28] .
Figs. 10-12 show the fuel consumption over different prediction horizons for Case 1-Case 3.
Case 1: For Case 1, a simple traffic cycle with one single lane and a short distance is considered. As shown in Fig. 10 , ECMS with the adaptation law Eq. (28) based on the energy prediction (ECMS-EP) over the driving cycle shows 0.3% -2.1% improvements over ECMS-pre and 4.5% -7% improvements over ECMS-no-pre.
Case 2: For Case 2, a simple traffic cycle with one single lane and a long distance is considered. As we can see from Fig. 11 , the fuel economy of ECMS-EP shows 0.05% -1.5% improvements over ECMS-pre and 2.7% -5.7% improvements over ECMS-no-pre for different prediction horizons.
Case 3: For Case 3, a cycle with a two-lane roadway as well as lane-changing is considered. The velocity of the vehicle will change obviously during the lane-changing. As shown in Fig. 12 , ECMS-EP achieves 0.05% -1.9% improvements over ECMS-pre and 2.9% -6.5% improvements over ECMS-no-pre.
B. SoC CHARGE-SUSTAINABILITY Fig. 13 shows the final SoC obtained by these three control strategies over different prediction horizons.
In case 1, the minimum and maximum deviations between the final SoC and the reference value are 0.0002 and 0.0067 for ECMS-EP, respectively, less than using ECMS-no-pre with those values of 0.0044 and 0.0099, respectively, but slightly larger than using ECMS-pre with those values of 0.0018 and 0.0061, respectively. This result can be explained by the fact that the adaption law (39) is employed in ECMS-pre, and it keeps the final SoC deviation within a small range. Even so, the ECMS-EP method also demonstrates good performance in imposing SoC chargesustainability, compared with that of ECMS-no-pre.
In case 2, the final SoC value shows some differences compared with Case 1. The deviations between the SoC reference value and the SoC final value for the different control strategies are larger than in Case 1. The reason is the long distance and the accumulation of prediction errors. In addition, the SoC deviation of ECMS-EP is less than that when using ECMS-no-pre. The adaptation law with the predicted velocity performs well in this case.
In case 3, the minimum and maximum SoC deviations for ECMS-EP are 0.0003 and 0.0024, respectively, less than those values when using ECMS-no-pre of 0.0031 and 0.0081, respectively, and similar to using ECMS-pre. The adaptation law with the predicted energy yields better performance of SoC charge-sustainability even though the vehicle operates in a more complex traffic condition.
C. PERFORMANCE OF ADJUSTING THE EF
To clarify the impact of the EF on SoC charge-sustainability, a comparison of the resultant SoC and EF trajectories for VOLUME 6, 2018 driving cycle 1 over three different control algorithms is shown in Fig. 14 . SoC charge-sustainability is analyzed by using three different control strategies, namely, ECMS-EP, ECMS-pre and ECMS-no-pre. It is noted that the initial EF is set to 2.4 for the adaption law in (39) and (42), corresponding to the ECMS-pre and ECMS-no-pre control strategies, respectively.
As we can see from Fig. 14, when using the adaptation rule (28) of ECMS-EP, the adjustment of the EF shows significant periodic characteristics. The EF is adjusted as a function of the real-time energy demand and the predicted energy at an interval. The EF of ECMS-pre is adjusted as a function of the current SoC variation and the predicted velocity, while the EF of ECMS-no-pre is adjusted only based on the SoC error feedback at the current moment. Before 200 s, compared to the other two more modest adjustment methods, ECMS-EP performs more aggressively in the adjustment performance, so that the SOC is closer to the reference value. In addition, it should be noted that as the actual SoC continues to decrease, the EF of ECMS-no-pre increases rapidly after 100 s, leading to more charge behavior in the battery until the final SoC is higher than the reference value. Considering the magnified part in Fig.14 as an example, the process of the EF adjustment is explained as follows. The vehicle accelerates and decelerates frequently during the period of 310 s -340 s. Accordingly, the power demand in this period is relatively large, and the control strategy tends to use more fuel and less power to achieve SoC charge-sustainability. It is clear that the EF of ECMS-EP increases during the acceleration phase and decreases during the deceleration phase, and it is more flexible compared with the other two adaptation laws. It is noted that the SoC does not increase rapidly after 310 s because the driver power demand is still large during the period of 310 s -350 s. The SoC begins to increase after 350 s and maintains a value around the SoC reference value at the end of the driving cycle. In addition, the EF of ECMS-no-pre increases quickly after 350 s because the difference in the driving cycle at the intervals for the adaptation law is not considered, leading to excessive charging to the battery. From the above analysis, we can see that the EF is flexibly adjusted based on the real-time energy demand and the predicted energy at an interval using the control strategy ECMS-EP, and better SoC charge-sustainability is achieved as well.
D. SUMMARY OF THE SIMULATION RESULTS
In general, ECMS-EP and ECMS-pre use the adaptation rules based on the predicted velocity, and both of them have obvious advantages over ECMS-no-pre in terms of fuel economy and SoC charge-sustainability over different prediction horizons for different traffic conditions. Compared with ECMS-pre with the adaptation rule, ECMS-EP achieves better fuel economy and similar performance in terms of SoC charge-sustainability. ECMS-EP with the adaptation law is more suitable for real-time energy management than the other two methods, since there is no need to consider the initial equivalence factor setting.
VI. CONCLUSIONS
In this work, a new ECMS-based energy management adaptation rule is proposed for a parallel hybrid electric bus in real time. The EF is adjusted by the presented adaptation rule based on the energy prediction at each interval. ECMS-EP improves the fuel economy from 2.7% to 7% for different prediction horizons over different driving cycles, compared to ECMS with the traditional adaptation rule, demonstrating the feasibility of the proposed adaptation rule regarding the fuel economy and SoC charge-sustainability. 
